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ABSTRACT
Integer linear optimization can be used to formulate routing problems as models to find optimal
solutions given a set of inputs and constraints. In this research, Chauhan et al.’s publication,
“Maximum coverage capacitated facility location problem with range constrained drones,” is
expanded upon by modeling a facility location problem with two-to-one drone deliveries. The
model analyzes a set of potential facilities that are available to meet the demands of a set of
demand points. The drone delivery routes are modeled with the assumption that each opened
facility is assigned one drone that can fulfill up to two demand points’ demands per trip. The
objective of this model is to locate the open facilities and serviced demand points while meeting
drone battery constraints and maximizing demand coverage. This research explores the results
of this model for a set of facilities and demand points in the Portland Metropolitan Area based
on different facility and battery constraint scenarios.
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1.0

INTRODUCTION

Drone deliveries are vital for meeting emergency service demands. There are often scenarios
where medical assistance is required but cannot reach the injured individuals, or cannot reach them
in a timely manner (Konert et al., 2019). Drones, however, are able to autonomously fly into these
environments to provide medical equipment while waiting for help to arrive (Messar et al., 2018).
These devices can carry life-saving products, such as blood (Ling & Draghic, 2019), first-aid kits
and medication (Thiels et al., 2015), cardiac defibrillators (Mermiri et al., 2020), and other medical
equipment. Over the past year, it has become increasingly apparent that drone deliveries are not
only vital for meeting the needs of individual emergency events, but also for providing solutions
for worldwide crises, like the COVID-19 pandemic (Kunovjanek & Wankmüller, 2021). Zipline,
a US-based startup that provides autonomous aircraft delivery services, has been delivering
COVID-19 supplies like PPE to hospitals in Ghana and transporting test samples to laboratories
(Bailey, 2021). The medical supplies can be requested by doctors within a range of 50 miles of
Zipline’s distribution centers. After the supplies are requested, the drones arrive within 30 minutes
to deliver them, dropping the parcel from the sky with a parachute attached (Bailey, 2021).
According to CNN Business, over 60,000 units of blood, medicine, and vaccines have been
transported by Zipline’s autonomous drones as of March 2021 (Bailey, 2021). One study
completed by Messar et al. evaluated the delivery time of a drone carrying medical equipment to
a remote location compared to delivery of supplies on foot or on a wheeled vehicle. The study
found that delivery by drone took a total of about 21 minutes, while delivery on foot and on a
vehicle would have taken 5.1 hours and 61.35 minutes, respectively (Messar et al., 2018). It is
evident that the implementation of autonomous drone deliveries for delivering medical supplies
can often be more effective than relying on vehicular deliveries. To complete these deliveries, the
trips and demand points must be pre-determined, specifying exactly where the drone will travel to
ensure that the demand is met. In this paper, optimization is utilized to determine optimal routes
for drones by composing a multiple integer linear programming model. The results from this model
determine the maximum possible demand that can be served, based on the available number of
distribution centers (facilities), their locations, and several other constraints.
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2.0

LITERATURE REVIEW

This paper expands upon Darshan Chauhan et al.’s paper, “Maximum coverage capacitated facility
location problem with range constrained drones” (Chauhan et al., 2019). Chauhan et al.’s paper
studies the routing of drones from facilities to demand points, with capacitated facility locations.
Additionally, the paper explores drone allocation, where a set number of drones are available for
all of the facility locations and the model then allocates these drones to each facility before
determining facility coverage of demand points (Chauhan et al., 2019). Utilizing the one-to-one
trip model, Chauhan et al.’s formulation models multiple one-to-one drone trips, where the rangeconstrained drones travel from their assigned facility locations, to a single demand point, and then
back, before heading out on another trip if the remaining battery permits (Chauhan et al., 2019).
In this paper, the maximum coverage facility location problem is expanded upon by incorporating
range-constrained drones and multiple stop delivery trips. Specifically, the multiple stop delivery
trips indicate that each drone can fulfill either one or two deliveries on a trip, depending on the
battery consumption of that specific route. The facilities are not modeled as capacitated locations,
meaning that there is no limit to how much demand each opened facility can supply. This paper
also does not include drone allocation in the model; it is assumed that only one drone is located at
each facility that is opened.
Church & Revelle discuss maximizing the demand covered by locating facilities in “Maximal
Covering Location Problem” (Church & Revelle, 1974). Their paper focuses on maximizing the
demand that is served by the facilities rather than minimizing the cost of production or service. By
optimizing maximum demand served, the model prioritizes public facility location needs, where
priorities may lie with the social aspect rather than the economic impact. Church & Revelle also
incorporate a distance or time limitation on the objective value, modelling with a set of facilities
that are within a coverage radius from demand points (Church & Revelle, 1974). This paper does
not put a limit on the distance that a demand point should be located from a facility. However, the
range-constrained drones that are modelled in this paper act as distance constraints, because
demand points that are located further away from potential facility locations will result in greater
battery consumption and are less likely to be covered than demand points located closer to
facilities. The maximum coverage characteristic of Church & Revelle’s work is implemented in
this paper – the objective of this paper’s formulation is to maximize the cumulative demand served
by the drones.
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Dayarian et al. discuss routing of UAVs, or drones, for home deliveries of goods. The paper
discusses the VRPDR, a vehicle routing problem with drone resupply where same-day delivery of
goods to customers is completed by delivery trucks that are resupplied by drones. The study looked
at a system consisting of one drone and one delivery truck. After completing the study, the findings
displayed that utilizing drones greatly reduced the economic cost and time involved in making
deliveries. Drone deliveries were much faster than those fulfilled by trucks. Dayarian et al.’s study
considers a service time guarantee as a constraint and makes the assumption that all packages
carried by drones have the same weight. This paper, however, does not incorporate any time
constraints. It also differs from Dayarian et al.’s study because each demand point has a different
package weight, and the drones can carry and deliver up to two packages per trip. Finally, this
paper does not incorporate drone resupply; instead, it is assumed that no delivery trucks are used
and delivery is completed by drones only (Dayarian et al., 2017).
Campbell et al.’s paper, “Strategic Design for Delivery with Trucks and Drones,” explores the
concept of “hybrid truck-drone deliveries” for commercial distribution. This concept proposes
delivery of packages by autonomous drones that are on trucks traveling a delivery route. The
drones leave the trucks to deliver the packages and then fly back to pick up new packages.
Campbell et al.’s proposed model assumes that both the drones and the trucks are making deliveries
throughout the route, and it is constrained by considering that drones only carry one package per
trip. This paper, however, considers delivery by drones only and assumes that drones can carry up
to two packages per trip. The focus of the hybrid model was economic, aiming to reduce delivery
costs rather than to meet a specific, quick delivery time window. This paper does not consider
economic constraints – it proposes autonomous medical equipment deliveries, with a focus on
maximizing the demand served rather than reducing delivery costs. Campbell et al. also analyzed
both rural and suburban regions, whereas this paper analyzes deliveries in an urban metropolitan
area (Campbell et al., 2017).
Focusing on drone battery energy consumption, Dorling et al. discuss two multi-trip vehicle
routing problems that focus on reducing operation costs and delivery times, respectively. Their
research emphasizes the importance of incorporating payload weight and battery weight when
considering energy consumption of drones. Dorling et al. discovered that including payload and
battery weight affects the drone’s flight time and that these factors should be included in models
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to ensure that the drone routing problem solutions are applicable. This paper also includes drone
payload and battery weight constraints in the facility location drone routing problem. Dorling et
al.’s paper evaluates single-load drone deliveries, where the drone delivers one package per trip
and then returns to the facility to pick up the next package (Dorling et al., 2017). This paper
incorporates weight constraints, but it does so with multi-stop drone trips. The research presented
below involves drones that leave the facility with up to two packages, meaning that they can make
up to two stops per trip. There do not seem to be many previous publications that evaluate the
significance of drone trip routing problems with two-stop, or multi-stop, trips.
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3.0

PROBLEM DESCRIPTION

This formulation expands on Chauhan et al.’s publication, “Maximum coverage capacitated
facility location problem with range constrained drones.” This maximum coverage multiple
facility location problem relies on an input of a set of facilities that contain medical equipment, a
set of demand points that require this equipment, and the level of demand at each of the demand
points. Additionally, the formulation outlined in this paper assumes that only one drone can be
located at every potential facility location. The drone at each location is battery constrained, and
the battery consumption is a function of the load that the drone is carrying, as well as the distance
that it needs to travel. The battery consumption utilized in this formulation is modeled using
Figliozzi’s equation in “Lifecycle modeling and assessment of unmanned aerial vehicles (drones)
co2 emissions”, and consists of the following components (Figliozzi, 2017):
𝑏=

(𝑚 + 𝑤)𝑔𝑑
= (𝑚 + 𝑤)𝜆𝑑
𝜂𝜃𝑠

Additionally, it was assumed that each drone would make up to two stops per trip: a single trip
consists of the drone starting at an open origin facility location, where it would be loaded with the
load for the trip. The drone would then leave the facility and complete its first stop, where the load
for the first demand point would be dropped off once it landed. If the drone was able to make a
second stop, it would complete the second stop at the second demand point to drop off that demand
point’s load. Finally, the drone would return back to its original facility and the trip, or route,
would be completed. For the purpose of this formulation, it was assumed that if the drone was
carrying demand for two demand points, the load for the second stop would not be removed by
civilians at the first stop. This multiple stop model was incorporated by including two binary
variables, 𝑥𝑖𝑗 and 𝑎𝑖𝑗 , that would indicate the demand point’s placement within the delivery trip.
The purpose of 𝑥𝑖𝑗 was to relay the demand points that would be visited first on a trip – if 𝑥𝑖𝑗 was
one, the demand point 𝑖 𝜖 𝐼 would be covered first by the facility 𝑗 𝜖 𝐽. The purpose of 𝑎𝑖𝑗 was to
relay the demand points that would be visited second on a trip – if 𝑎𝑖𝑗 was one, the demand point
𝑖 𝜖 𝐼 would be covered second by the facility 𝑗 𝜖 𝐽.
The formulation for this mixed integer linear maximum coverage facility location routing problem
with multiple trip stops is listed below:
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Nomenclature Sets
𝐼

Set of all demand locations

𝐽

Set of all potential facility locations

Indices
𝑖𝜖𝐼

ith demand point in set of all demand points

𝑘𝜖𝐼

kth demand point in set of all demand points

𝑗𝜖𝐽

jth facility location in set of all facility locations

Parameters
𝜂

power transfer efficiency

𝜃𝑠

lift-to-drag ratio

𝑚𝑏

UAV battery mass

𝑚𝑝

payload capacity of drone [kg]

𝑚𝑡

UAV mass tare, without battery & load

𝑚

𝑚𝑏 + 𝑚𝑡

𝑔

acceleration due to gravity

𝜆

𝑔
𝜂𝜃𝑠

𝑤𝑖

demand at demand point 𝑖 𝜖 𝐼

𝑑1𝑖𝑗

distance between facility location j 𝜖 J and demand point 𝑖 𝜖 𝐼

𝑑2𝑖𝑘

distance between demand points 𝑖 𝜖 𝐼 and 𝑘 𝜖 𝐼

𝐵

battery capacity of drone and each facility

𝑝

maximum number of opened facilities

Decision Variables
𝑦𝑗 – variable determining open facilities; the variable takes a value of 1 if facility 𝑗 𝜖 𝐽 is opened
and a value of 0 if not
𝑥𝑖𝑗 – variable determining if demand point 𝑖 𝜖 𝐼 is the first stop covered by facility 𝑗 𝜖 𝐽; the
variable takes a value of 1 if demand point 𝑖 𝜖 𝐼 is the first stop covered by 𝑗 𝜖 𝐽 and a value of 0
if not
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𝑎𝑖𝑗 – variable determining if demand point 𝑖 𝜖 𝐼 is the second stop covered by facility 𝑗 𝜖 𝐽; the
variable takes a value of 1 if demand point 𝑖 𝜖 𝐼 is the second stop covered by 𝑗 𝜖 𝐽 and a value of
0 if not
𝛼𝑘𝑖𝑗 – the variable takes a value of 1 if demand point 𝑘 is served after demand point 𝑖 using
drone launched from facility 𝑗 and a value of 0 otherwise
Objective
max ∑ ∑ 𝑤𝑖 (𝑥𝑖𝑗 + 𝑎𝑖𝑗 )
𝑖𝜖𝐼 𝑗𝜖𝐽

Constraints
∑ 𝑦𝑗 ≤ 𝑝

[1]

𝑗𝜖𝐽

∑ 𝑥𝑖𝑗 + 𝑎𝑖𝑗 ≤ 1, ∀ 𝑖 ∈ 𝐼

[2]

𝑗𝜖𝐽

∑ 𝑥𝑖𝑗 ≤ 𝑦𝑗 , ∀ 𝑗 ∈ 𝐽

[3]

𝑖𝜖𝐼

∑ 𝑎𝑖𝑗 ≤ ∑ 𝑥𝑖𝑗 , ∀ 𝑗 ∈ 𝐽
𝑖 ∈𝐼

[4]

𝑖 ∈𝐼

∑ 𝑤𝑖 ∗ (𝑥𝑖𝑗 + 𝑎𝑖𝑗 ) ≤ 𝑚𝑝 , ∀ 𝑗 ∈ 𝐽

[5]

𝑖 ∈𝐼

(𝑤𝑘 )𝜆𝑑1𝑖𝑗 + (𝑚 + 𝑤𝑘 )𝜆𝑑2𝑖𝑘
∑ [ (2𝑚 + 𝑤𝑖 )𝜆𝑑1𝑖𝑗 𝑥𝑖𝑗 + ∑ {
} 𝛼𝑘𝑖𝑗 ] ≤ 𝐵𝑦𝑗 , ∀ 𝑗 ∈ 𝐽 [6]
+ 𝑚𝜆𝑑1𝑘𝑗 − 𝑚𝜆𝑑1𝑖𝑗
𝑖𝜖𝐼

𝑘𝜖𝐼

𝛼𝑘𝑖𝑗 ≤ 𝑥𝑖𝑗 , ∀ 𝑘 ∈ 𝐼, 𝑖 ∈ 𝐼, 𝑗 ∈ 𝐽

[7]

𝛼𝑘𝑖𝑗 ≤ 𝑎𝑘𝑗 , ∀ 𝑘 ∈ 𝐼, 𝑖 ∈ 𝐼, 𝑗 ∈ 𝐽 [8]
𝛼𝑘𝑖𝑗 ≥ 𝑥𝑖𝑗 + 𝑎𝑘𝑗 − 1, ∀ 𝑘 ∈ 𝐼, 𝑖 ∈ 𝐼, 𝑗 ∈ 𝐽 [9]
𝛼𝑘𝑖𝑗 ≥ 0, ∀ 𝑘 ∈ 𝐼, 𝑖 ∈ 𝐼, 𝑗 ∈ 𝐽

[10]

𝑥𝑖𝑗 , 𝑎𝑖𝑗 ∈ {0, 1}, ∀ 𝑖 ∈ 𝐼, 𝑗 ∈ 𝐽

[11]

7

𝑦𝑗 ∈ {0, 1},

𝑗∈𝐽

[12]

The objective ensures that the demand covered by drone delivery trips will be maximized.
Constraint [1] ensures that no more than 𝑝 facilities are opened. Constraint [2] ensures that each
demand point is covered at most once by a facility. Constraint [3] ensures that first stop demand
points are only assigned to facilities that are open. Constraint [4] ensures that second stop
demand points are only assigned if a first stop demand point is assigned to a facility. Constraint
[5] ensures that the load carried by the drone does not exceed the payload capacity of the drone.
Constraint [6] ensures that the battery used on a route is less than the drone’s battery capacity.
Constraints [7], [8], [9], and [10] are part of constraint [6]’s linearization, where 𝛼𝑘𝑖𝑗 takes a
value of one if 𝑥𝑖𝑗 and 𝑎𝑖𝑗 are both one, and a value of zero otherwise. Constraint [11] ensures
that the demand point decision variables are binary, set to a value of either zero or one.
Constraint [12] ensures that the facility decision variable is binary, set to a value of either zero or
one.
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4.0

NUMERICAL ANALYSIS

The network was generated in Chauhan et al.’s “Maximum coverage facility location problem with
range constrained drones.” All locations involved in the analysis are based in the Portland
Metropolitan Area. There were a total of 122 demand points and 104 potential facility locations.
The U.S. Census Bureau uses zip code tabulated areas (ZCTAs) as “generalized areal
representations” of regions that are serviced by the U.S. Postal Service by zip code areas (U.S.
Census Bureau, 2020). These ZCTAs were used to generate the demand point locations by
selecting the centers of ZCTAs as demand points. The potential facility locations were placed at
various community centers in the Portland Metropolitan Area. Community centers are efficient
facility locations because they are available for public use, which would be necessary in the case
of a public emergency when demand of medical equipment is high. Community centers are also
capable of keeping equipment due to their size, and are large enough to accommodate drone takeoff
and landing. Additionally, the potential facility locations and demand points in the facility were
analyzed to ensure that there was no overlap between locations (Chauhan et al., 2019).
Each demand point was assigned a demand or payload value, which was randomly generated with
a discrete uniform distribution. The distribution varied between payload values of 1 kg to 5 kg and
was allocated at intervals of 0.25 kg. The total demand available to be served was 366.5 kg
(Chauhan et al., 2019). In this problem’s analysis, values of 15, 25, and 60 were chosen as the
maximum number of open facilities. Euclidean distances were used to define the distance between
facilities and demand points or between two demand points because drones are able to travel
through the air and do not require road-like paths or routes. However, the operation of drones is
currently restricted by the FAA in certain airspaces – these restricted areas were not considered in
this paper.
Finally, Figliozzi’s work, “Lifecycle modeling and assessment of unmanned aerial vehicles
(Drones) CO2e emissions” provides several drone parameters that were used to develop the
constraints for the optimization model in this paper (Figliozzi, 2017). The parameters are detailed
in Table 1:
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Table 1: Drone Parameters

Power Transfer Efficiency (𝜂)

0.66

Lift-to-drag Ratio (𝜃𝑠 )

3.5

Tare Weight + Battery Weight (𝑚)

10.1 kg

Maximum Payload

5 kg

Battery Capacity

777 Wh

Battery Safety Factor

1.25 = 80% of maximum battery capacity

The mixed integer linear maximum coverage facility location routing problem with multiple stops
was solved using Gurobi, a commercially available MIP solver. The models were solved on a 2019
MacBook Air with Intel Core i5 CPU 1.6 GHz, 4 cores, 8 logical processors and 8 GB of RAM.
Several model scenarios were tested to see how varying the maximum number of opened facilities
or drone capacities affected the total demand served.
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4.1

Results with Varying Maximum Open Facilities and 100% Battery Capacity

For a maximum of 15 opened facilities with a drone battery capacity of 777 Wh, the total demand
served was 75 kg with a coverage of 20.46% (Table 2). The total distance traveled in this scenario
was 233.56 miles, with a total of 15 first stops and 10 second stops on the drone routes. For a
maximum of 25 opened facilities, the total demand served was 125 kg with a coverage of 34.11%.
The total distance traveled was 443.33 miles, with a total of 25 first stops and 20 second stops.
Table 2: Comparison of demand served with varying number of maximum open facilities
Maximum
number of
opened
facilities, p

Battery
Capacity, B
[Wh]

Total
Demand
Served [kg]

Coverage

Distance
Traveled
[miles]

Total
Number of
First Stops

Total
Number of
Second
Stops

15

777

75

20.46%

233.56

15

10

25

777

125

34.11%

443.33

25

20

60

777

278.5

75.99%

915.27

60

32

Figure 1 displays the coverage if 25 facilities were opened and drone battery capacity was at
100%. There is a cluster of serviced demand points within Portland’s city limits (outlined below)
along with demand points located at further distance from the region’s center.

Figure 1: Model Results - 25 Open Facilities, 100% Battery Capacity
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Figure 2 displays the serviced demand points compared to all possible demand point locations.
This represents the demand coverage of 34.11%.

Figure 2: Served Demand Points - 25 Open Facilities, 100% Battery Capacity

Additionally, a maximum of 60 opened facilities with a battery capacity of 777 Wh resulted in a
demand coverage of 76%. This result indicates that opening 58% of the total number of facilities
with drones capable of carrying two packages allows for coverage of more than three-fourths of
the total demand. In this scenario, the total distance covered was 915.27 miles.
4.2

Results with Varying Maximum Open Facilities and 150% Battery Capacity

The demand coverage results were similar when comparing the 100% battery capacity and 150%
battery capacity scenarios (Table 3). For a maximum of 15 opened facilities with a drone battery
capacity increase of 50%, total demand coverage remained constant at 20.46%. However, the
total distance traveled with a battery capacity of 150%, 358.39 miles, was 53% greater than the
total distance traveled with a battery capacity of 100%, 233.56 miles.
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Table 3: Comparison of demand served with drone battery capacity increased by 50%
Maximum
number of
opened
facilities, p

Battery
Capacity, B
[Wh]

Total
Demand
Served [kg]

Coverage

Distance
Traveled
[miles]

Total
Number of
First Stops

Total
Number of
Second
Stops

15

1166

75

20.46%

358.39

15

10

25

1166

125

34.11%

618.79

25

20

60

1166

286.75

78.24%

1389.23

60

37

It is evident that including drone battery parameters is vital for accurate routing solutions –
drones with increased battery capacities are able to cover a significantly greater range between
demand points. This is important when delivery of medical equipment is considered, because it
may be likely that only a few open facilities will need to serve a large variety of demand points
during a public emergency. The model with 25 maximum opened facilities resulted in total
demand coverage of 34.11% (Figure 3) and a total distance traveled of 1618.79 miles, a value
almost 40% greater than the distance traveled with a battery capacity of 777 Wh.

Figure 3: 25 Open Facilities, 150% Battery Capacity
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After analysis of the results, it was clear that the expanded battery capacity led to drones fulfilling
demand points located further away than in the original model scenario. However, demand
coverage was not changing significantly due to the payload capacity of drones. The demand values
ranged from 1 kg to 5 kg, and with a payload limit of 5 kg per drone, the demand point
combinations with a summed payload of less than 5 kg were limited.
4.3

Results with Varying Maximum Open Facilities and One-Stop Trips

To compare the results of a model with two stops per trip to a model with only one stop per trip,
the 𝑎𝑖𝑗 variable’s upper and lower bounds were set to zero. This indicated that facilities were
limited to fulfilling first-stop demand points and would not be assigned second-stop demand
points. The battery capacity was also maintained at 100%. In this one-stop trip scenario, a
maximum of 15 opened facilities led to a total demand coverage of 19.37%, only 1.1% lower than
demand covered by multi-stop trips (Table 4). When the model was assigned a maximum of 25
open facilities, the total demand coverage was 30.83% with one-stop trips, and 34.11% with multistop trips. The difference in coverage between these two trip structures was 3.3%. Finally, with a
maximum of 60 open facilities and single-stop trips, the model’s total demand coverage decreased
to 63.3%. This was 12.7% less than the multi-stop trip coverage.
Table 4: Comparison of demand served with trips limited to one stop
Maximum
number of
opened
facilities, p

Battery
Capacity, B
[Wh]

Total
Demand
Served [kg]

Coverage

Distance
Traveled
[miles]

Total
Number of
First Stops

Total
Number of
Second
Stops

15

777

71

19.37%

196.72

15

0

25

777

113

30.83%

356.26

25

0

60

777

232

63.30%

902.64

60

0
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Figure 4 displays the results of opening a maximum of 25 facilities and permitting only singlestop delivery trips. The visual effectively portrays the lower quantity of covered demand points
when compared to multi-stop trip scenarios – a total of 45 demand points where covered when
multiple stops were opened up on drone delivery routes. However, there were only 25 demand
points covered in the one-stop trip model analysis. This model allocated more battery and load
capacity per demand point due to the reduced number of trips. This meant that demand points
located further away from facilities, or ranging higher in demand value, were still likely to be
served.

Figure 4: 25 Open Facilities Limited to One-Stop Trips

Due to the insignificant change in demand coverage with increasing battery capacity, a final
model adjustment was completed to examine the effects of increased payload capacities on
demand coverage improvements.
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4.4

Results with 25 Maximum Opened Facilities and Various Battery & Load Capacities

In the final model, both battery and payload capacities were incrementally increased to observe
changes in demand coverage and multi-stop trips. The number of maximum open facilities was
maintained at 25. Initially, the battery capacity and payload capacity were each increased by 25%.
This resulted in a battery capacity of 971.25 Wh and a payload capacity of 6.25 kg (Table 5).
Increasing both capacities by 25% increased the total demand coverage by 8.5%, while increasing
both capacities by 50% led to an increase of 16.6% in demand coverage. This increase in coverage
was significantly greater than the increase related to an improvement in battery capacity alone.
Table 5: Comparison of demand served with 25 open facilities and varying battery and load capacities
Maximum
number of
opened
facilities, p

Battery
Capacity,
B [Wh]

Payload
Capacity,
mp [kg]

Total
Demand
Served
[kg]

Coverage

Distance
Traveled
[miles]

Total
Number of
First Stops

Total
Number of
Second
Stops

25

777

5

125

34.11%

443.33

25

20

25

971.25

6.25

156.25

42.63%

545.87

25

25

25

1166

7.5

185.75

50.68%

617.15

25

25

Notably, the number of trips with multiple trip stops also increased; when original capacities
were maintained, a total of 20 trips out of 25 total trips were routed to two stops. This resulted in
a total of 45 served demand points. However, increasing the capacities by at least 25% resulted
in all 25 trips consisting of two stops, with a total of 50 served demand points.
In Figures 5 and 6 below, it is evident that the model’s increased battery and payload capacities
allowed for coverage of more demand points. Additionally, many points that were located further
away from the center of the Portland Metro Area were still covered.
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Figure 5: 25 Open Facilities, 125% Battery and Payload Capacities

Figure 6: 25 Open Facilities, 150% Battery and Payload Capacities
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5.0

CONCLUSION

In conclusion, optimization can be utilized in multiple applications, including facility location
problems, freight routing problems, among numerous others. It allows a problem to be
consolidated into a set of linear relationships, making it possible to find the most optimal solution
to the applicable problem. This optimal solution may vary depending on the problem’s objective
– in this paper, the problem’s objective was to maximize the demand covered by locating and
opening facilities and planning drone routes for multi-stop deliveries. The drones were rangeconstrained, with battery consumption as a function of the distance traveled and the load carried.
There was no drone allocation in this problem – the goal was to simulate facility locations and
multi-stop trip routes for medical equipment deliveries. This problem studied various model
scenarios with facility and demand points located in the Portland Metropolitan Area.
The initial model scenario tested the formulation with 15, 25, and 60 maximum opened facilities
and 100% drone battery capacity. The results displayed that increasing the number of open
facilities by 36.9% increased demand coverage by 55.5%. Additionally, there were several routed
trips in each open facility variation that were limited to a single stop. This limitation was due to
the battery and payload constraints, which led to the testing of several other scenarios to compare
results. After the battery capacity was increased to 150%, the demand coverage remained very
similar in all three facility variations. However, the total distance travelled on a trip increased
significantly. In the 25-facility scenario, the total distance traveled with 150% battery capacity was
175 miles greater than that with 100% battery capacity. In the 60-facility scenario, the total
distance traveled was 474 miles greater. Because the demand coverage was not significantly
improved with increased battery capacity, another scenario was tested with incrementally
increasing battery and payload capacities. The results displayed that a 25% increase in battery and
payload capacity with multiple stops per trip led to an increase of 11.8% in demand coverage, and
a 50% increase in both capacities led to an increase of 19.85% in total demand coverage. There
are many future applications that can expand on this formulation. This model can be reformatted
to account for capacitated facilities, limited to the amount of demand that they can serve (Chauhan
et al., 2019). It can also be expanded to look at drone delivery trips with more than two stops per
route. Finally, the battery consumption constraints can be elaborated on by considering effects of
various weather scenarios and wind patterns on drone performance (Chauhan et al., 2020).
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APPENDIX
Appendix A: Model Code – Multiple Trip Stops
import numpy as np
from gurobipy import *
file1 = open("PDX_LR_dataset.txt", "r")
file2 = open("PDX_PartCData_Dist_ii.txt", "r")
B_cap = 777 #battery capacity of each drone (wh)
bat_eff = 0.8 #80% effective battery usage
B = B_cap*bat_eff
mu = 0.66 #power transfer efficiency
theta = 2.8445 #lift-to-drag ratio
mass = 10.1 #total mass of drone - mass plus battery
g = 9.80665 #acceleration due to gravity [m/s^2]
cnvfac = 1609.344/3600 #Newton-miles to Watt-hours & miles-per-hour to meter-per-second
m_p = 5 #payload capacity of drone in kg
s = g/(mu*theta)
M = 100000
numdpt = int(file1.readline()) #number of demand points
numpfc = int(file1.readline()) #number of potential facility locations
I = range(numdpt) #set of all demand points
J = range(numpfc) #set of all potential facility locations

p = 25 #maximum number of located facilities
w = np.ones((numdpt))*M #demand at location i in I
for i in I:
w[i] = float(file1.readline())
d1 = np.ones((numpfc, numdpt))*M
for j in J:
line = file1.readline()
temp = line.split()
for i in I:
d1[j, i] = float(temp[i])
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d2 = np.ones((numdpt, numdpt))*M
for k in I:
line = file2.readline()
temp = line.split()
for i in I:
d2[k, i] = float(temp[i])
file1.close()
file2.close()
totaldemand = sum(w[i] for i in I)
f1 = open("2TripFinalResults.txt", "a")
f1.write("Max Open Facilities, Battery Capacity, Payload Capacity, Open Facilities, Total Demand, Total Demand Served (Objective
Value), Coverage \n")
f1.close()
m = Model("facility location")
x = m.addVars(I, J, vtype=GRB.BINARY, name="x") #first stop coverage variable
a = m.addVars(I, J, vtype=GRB.BINARY, name="a") #second stop coverage variable
y = m.addVars(J, vtype=GRB.BINARY, name="y") #facility location variable
alpha = m.addVars(I, I, J, vtype=GRB.BINARY, name="alpha")

#NOTICE: s = lambda in formulation
m.addConstr((quicksum(y[j] for j in J) <= p), name="eq1") #makes sure that no more than p facilities are opened
m.addConstrs(((quicksum(x[i,j]+a[i,j] for j in J) <= 1)for i in I), name="eq2") #makes sure that each demand point is covered at most
once
m.addConstrs(((quicksum(x[i,j] for i in I) <= y[j]) for j in J), name="eq3") #makes sure that 1st stop demand points are only assigned
to facilities that are open
m.addConstrs(((quicksum(a[i,j] for i in I) <= quicksum(x[i,j] for i in I)) for j in J), name="eq4") # makes sure that 2nd stop demand
points are only assigned if a first stop demand point is assigned to a facility
#m.addConstrs(((quicksum(w[i]*(x[i,j]+a[i,j]) for i in I) <= U*y[j]) for j in J), name="eq5") #makes sure that demand served by each
open facility is less than or equal to facility's capacity
m.addConstrs((((quicksum((2*mass + w[i])*s*d1[j,i]*x[i,j]*cnvfac + quicksum((w[k]*s*d1[j,i]*cnvfac + (mass+w[k])*s*d2[i,k]*cnvfac +
mass*s*d1[j,k]*cnvfac - mass*s*d1[j,i]*cnvfac)*alpha[k,i,j] for k in I) for i in I)) <= B*y[j]) for j in J), name="eq6") #drone battery
constraint
m.addConstrs((alpha[k,i,j] <= x[i,j] for k in I for i in I for j in J), name="eq7") #linearizing eq6
m.addConstrs((alpha[k,i,j] <= a[k,j] for k in I for i in I for j in J), name="eq8") #linearizing eq6
m.addConstrs((alpha[k,i,j] >= x[i,j] + a[k,j] - 1 for k in I for i in I for j in J), name="eq9") #linearizing eq6
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m.addConstrs((alpha[k,i,j] >= 0 for k in I for i in I for j in J), name="eq10") #linearizing eq6
#m.addConstrs(((quicksum(w[i]*x[i,j] + w[k]*a[k,j] for i in I for k in I) <= m_p) for j in J), name="eq11") #demand served by
drone/facility in one trip must be less than the drone's payload capacity
m.addConstrs(((quicksum(w[i]*(x[i,j]+a[i,j]) for i in I) <= m_p) for j in J), name="eq11") #demand served by drone/facility in one trip
must be less than the drone's payload capacity
obj = quicksum(w[i]*(x[i,j]+a[i,j]) for i in I for j in J)
m.setObjective(obj, GRB.MAXIMIZE)
m.optimize()
totaldemand = sum(w[i] for i in I)
coverage = (m.objVal/totaldemand)*100
y_final = np.zeros((numpfc))
for j in J:
if y[j].x > 0.99:
y_final[j] = 1
openfc = np.sum(y_final)
f1 = open("2TripFinalResults.txt", "a")
f1.write("%s, " %p)
f1.write("%s, " %B_cap)
f1.write("%s, " %m_p)
f1.write("%s, " %openfc)
f1.write("%s, " %totaldemand)
f1.write("%s, " %m.objVal)
f1.write("%s" %coverage)
#for j in J:
#if y[j].x > 0.99:
#f1.write("%s, " %j)
f1.write("\n")
x_final = np.zeros((numdpt, numpfc))
a_final = np.zeros((numdpt, numpfc))
print("Number of First Stops: ")
for j in J:
for i in I:
if x[i, j].x > 0.99:
x_final[i,j] = 1
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print(np.sum(x_final))
f1.write("\n")
print("Number of Second Stops: ")
for j in J:
for i in I:
if a[i, j].x > 0.99:
a_final[i,j] = 1
print(np.sum(a_final))
d = np.zeros((numpfc))
for j in J:
if y[j].x > 0.99:
f1.write("Facility Location: %s" %j)
f1.write("\n")
f1.write("Serviced Demand Point 1: ")
for i in I:
if x[i,j].x > 0.99:
distance1 = 0
distance1 = d1[j,i]
f1.write("%s" %i)
f1.write("\n")
f1.write("Distance from facility to 1st stop: %s" %distance1)
f1.write("\n")
f1.write("Demand Covered: %s" %w[i])
f1.write("\n")
d[j] = 2*distance1
for k in I:
if a[k,j].x > 0.99:
distance3 = 0
distance2 = 0
distance3 = d1[j, k]
distance2 = d2[i, k]
f1.write("Service Demand Point 2: ")
f1.write("%s" %k)
f1.write("\n")
f1.write ("Distance from 1st stop to 2nd stop: %s" %distance2)
f1.write("\n")
f1.write ("Distance from 2nd stop to facility: %s" %distance3)
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f1.write("\n")
d[j] = distance1 + distance2 + distance3
f1.write("Distance Travelled: %s" %d[j])
f1.write("\n")
f1.write("\n")
f1.write("TOTAL DISTANCE TRAVELLED: %s miles" %np.sum(d))
print(d)
print(np.sum(d))

f1.write("\n")

f1.close()
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